Fluorescence microscopy images are contaminated by noise and improving image quality without blurring vascular structures by filtering is an important step in automatic image analysis. The application of interest here is to automatically extract the structural components of the microvascular system with accuracy from images acquired by fluorescence microscopy. A robust denoising process is necessary in order to extract accurate vascular morphology information. For this purpose, we propose a multiscale tensor with anisotropic diffusion model which progressively and adaptively updates the amount of smoothing while preserving vessel boundaries accurately. Based on a coherency enhancing flow with planar confidence measure and fused 3D structure information, our method integrates multiple scales for microvasculature preservation and noise removal membrane structures. Experimental results on simulated synthetic images and epifluorescence images show the advantage of our improvement over other related diffusion filters. We further show that the proposed multiscale integration approach improves denoising accuracy of different tensor diffusion methods to obtain better microvasculature segmentation.
INTRODUCTION
Florescent imaging technique is becoming vitally important for visualizing and analyzing the dynamic biological processes, which benefits from the advent of fluorescent labeling techniques plus the sophisticated light microscopes. Vessel extraction or detection from microscopy imagery is an important application in biomedical imaging. Due to uneven contrast and illumination due to high intensity vessel wall regions (foreground) versus low intensity non-vascular regions (background) there is a need for effective filtering methods for microscopy images [1] [2] [3] [4] .
Anisotropic diffusion [5] [6] [7] based partial differential equations (PDEs) have been widely utilized for image filtering and recently various improvements have been proposed to adapt it to microscopy images. Kriva et al [8] utilized an advection term along with nonlinear anisotropic diffusion. Mosaliganti et al [9] used a Hessian matrix driven diffusion model and similarly Manniesing et al [10] used a Hessian eigensystem combined with nonlinear anisotropic diffusion scheme for vessel enhancement. Drblikova [11] modified the Weickert [12] coherence enhancing diffusion for cell membranes. Recently, Pop et al [13] proposed a plane confidence mea-(a) Input image with ground truth (b) Prasath et al [3] (c) Pop et al [13] (d) Proposed method Fig. 1 . High background noise levels can affect the denoising performance and thereby affect further vessel segmentations. Using our multiscale version of the anisotropic diffusion method we improve segmentation performance. (a) Input microscopy image along with ground-truth segmentation. Segmentations using denoising schemes from (b) Prasath et al [3] (c) Pop et al [13] and (c) our multiscale version. In each sub-figure we show (left) denoised (right) segmentation.
sure along with coherence. Despite their successes in microscopy denoising each of these schemes use only a single scale for smoothing (linear/nonlinear) and thus tend to smooth out vessel structures smaller than the predefined scale parameter. Moreover, the methods by [8, 11] apply the same diffusion to the background membrane thus producing spurious artifacts, while Hessian based models [9, 10] are sensitive to noise. In order to improve upon these limitations, we propose here a multiscale integration of smoothing scales thereby avoiding the loss of microstructures which are in the planar structure of dura mater laminae. Following [13] , we utilize a multiscale anisotropic tensor diffusion which depends on anisotropic diffusion smoothed structure tensor. By utilizing a range of scales and combining corresponding edge maps into a diffusion tensor formulation, we obtain better restoration of microscopy images compared to previous approaches [3, 13] ; see Figure 1 where we compare the segmentation method (adaptive Niblack's thresholding studied in [3] ), and it shows that our multiscale anisotropic diffusion improves segmentation accuracy. We study the effects of integration of multiscale in a tensors within an anisotropic diffusion filtering framework for fluorescence microscopy images. Comparison with related anisotropic diffusion based smoothing methods [8] [9] [10] [11] [12] [13] indicate we obtain better results in terms of signal to noise ratio and structural similarity measure on simulated synthetic images. Further, experiments on epifluorescence and microscopy images indicate the preservation of vascular structures without oscillations. The multiscale estimation of the smoothing parameter utilized here can be incorporated into any of the tensor anisotropic diffusion PDEs and as experiments indicate perform better across different images.
The rest of the paper is organized as follows. Section 2 after briefly reviewing tensor anisotropic diffusion, we detail the proposed multiscale filtering approach. Section 3 comparison with related approaches on synthetic and real epifluorescence imagery are given to illustrate the advantages of our proposed method. Finally, Section 4 concludes the paper.
DIFFUSION FILTERS

Tensor anisotropic diffusion
The unified tensor anisotropic diffusion model [12] is given by the following PDE,
where r is the gradient operator, x = (x1, x2) the pixel coordinates, and t denotes the time variable, r · ⇠ represents the divergence (div) operation, and @u/@n denotes the normal derivative on the boundary. Here D is the 3D diffusivity matrix,
where ( 1, 2, 3) represent the amount of diffusion, and (⌫1,⌫2,⌫3) are eigenvectors of the isotropic structure tensor defined by,
Here
2 ) is the isotropic Gaussian kernel, ? denotes the convolution operator, ⌦ tensor product, and superscript T is the transpose. The function u := G ? u encodes the noise scale and is directly related to the amount of noise present in a given image. Moreover, structures smaller than scale are smoothed out and choosing this parameter is important in obtaining better restorations. Let the eigenvalues of the tensor (3) be µ 1 µ2 µ3 0 and they capture average contrast in the eigenvector directions.
Cell membrane enhancement
Recently, Pop et al [13] proposed to use the following eigenvalues system for better contrast enhancement and continuity of membrane structures. 8 > < > :
where is modeled after diffusion flux and chosen as (K > 0 contrast parameter): and C plane = µ1 µ2/µ1 + µ2 a planar confidence measure and the function h⌧ is a thresholding function [0, 1] and helps in identifying membrane structures (h⌧ ! 1) and isotropic/1D homogenous (h⌧ ! 0 regions, see [14] for more details. The above system has the following characteristics:
• Membrane regions: µ 1 µ2 ⇡ µ3 ⇡ 0, h⌧ ! 1 giving 2 = 3 = 1, thus enabling diffusion along the tangential plane (⌫ ?
)
• Isotropic/1D homogeneous structures: µ1 ⇡ µ2 ⇡ µ3 ⇡ 0, 1 ! 1, h⌧ ! 0, thus all values are closer to 1 enabling strong diffusion.
• 1D structures: µ 1 ⇡ µ2 µ3 ⇡ 0, 2 ! 1 ⇡ 0, thus diffusion takes place along smallest variation of contrast (⌫3).
Multiscale tensor diffusion
Pop et al [13] advocate using an anisotropic version of the tensor (3) where the integration scale ⇢ > 0 in (3) is avoided using tensor anisotropic diffusion (1) using the diffusivity matrix consist of eigenvalues in (4) applied to each component of the tensor J(ru ) = (ru ⌦ ru ). However, this method still inherits blurring of edges associated with the tensor diffusion model as well as they perform poor on highly noisy images. To avoid these problems we consider a multiscale approach which is robust to noise and preserves small scale microvasculature structures better. We define the following multiscale tensor by aggregating products across scale,
(a) [8] (b) [12] (c) [11] (d) [9] (e) [13] (f) [10] (g) [3] (h) Our where L1 is the finest scale and L2 is the coarsest scale. The calculation across different scales allows us to detect cell membranes of different sizes and further apply anisotropic diffusion (1) using the system (4) while avoiding blurring thin cell membrane boundaries at smaller scales as shown in Figure 2 . These characteristics will be further useful in denoising and segmentation processes as we will see next.
EXPERIMENTAL RESULTS
The multiscale PDE system (1)- (4)- (5) is implemented using an explicit time discretization and finite difference approximations for the derivatives. All the schemes utilized here were implemented on a MacBook Pro laptop with 2.3GHz Intel Core i7 processor, 8GB RAM memory and MATLAB R2012a is used for the calculations and visualizations. To speed up the calculations further we used a box filter for approximating the Gaussian convolution in (5) . Overall our scheme takes 0.17 seconds for an image of size 256 ⇥ 256.
Optimizing and utilizing C/C++ will decrease overall computational times further. The range of scales [L 1, L2] = [1, 4] is chosen to reflect microvascular imagery. We use the root mean squared error (RMSE), mean ellipse intensity (MEI), and structural similarity (SSIM) [15] for estimating denoising results quantitatively. We compare our scheme with the approaches of Kriva et al [8] , Weickert [12] , Drblikova et al [11] , Mosaliganti et al [9] , Pop et al [13] , Manniesing et al [10] . Figure 3 shows synthetic images and their corresponding denoised results using various schemes are shown in Figure 4 . The first synthetic image is generated following a similar set-up as the one in [13] by simulating boundary thickness close to real cells and 50% of the membrane pixels are randomly removed. Note that this simulates the acquisition of 2D membrane structures under a 3D fluorescence (a) Kriva [8] (b) Weickert [12] (c) Drblikova [11] (d) Mosaliganti [9] (e) Pop [13] (f) Manniesing [10] (g) Prasath [3] (h) Proposed microscope and we show only 2D cross sections for clarity. In Figure 4 we show in each row, denoised results, residual (|u 0 u|), and corresponding SSIM maps. Note red pixels in SSIM maps indicate that the denoised results are structurally similar to ground-truth noise free image. We see that our method performs well in terms of junction preservation, noise removal and background artifact reduction when compared with other methods. Table 1 shows that our proposed method outperforms other schemes in different error metrics. Figure 5 shows a comparison of different schemes for denoising and enhancement on a microscopy image. As can be seen, the proposed approach yields a better result without membrane boundary blurring as observed in [8, 9, 11, 13] while removing background noise effectively and junctions are preserved in contrast to [3, 10, 12] which excessively smoothes them. Figure 6 shows the effect of denoising on segmentation of mice dura mater microvasculature laminae images using an adaptive Niblack thresholding utilized in [3] . The endothelial cells were stained using AlexaFluor 488 fluorescently labeled WGA lectin, to yield a high contrast image of the vascular walls (foreground) and low intensity avascular background. The epifluorescence-based high resolution images were acquired using a video microscopy system (Laborlux 8 microscope from Leitz Wetzlar, Germany). To compare quantitatively we used ground-truth data provided by an experienced physiologist in computing Dice coefficient. Figure 6 (a) shows applying thresholding without denoising generates false positives. We compare the effect denoising methods on the final segmentation map by sweeping the parameters to obtain optimal segmentation in terms of the maximum Dice coefficient. Figure 6 (b)-(c) show the segmentation after applying the schemes of Pop et al [13] and our scheme respectively. Comparison of different Dice coefficients show that our multiscale tensor anisotropic diffusion obtains the best accuracy, see also Figure 1 for another example 1 . 
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CONCLUSIONS
In this paper we study a multiscale anisotropic tensor diffusion method for vasculature network denoising and enhancement. Using a tensor anisotropic diffusion driven by a planar confidence measure based eigen-system from the structure tensor we obtain better restorations without blurring across vessel boundaries. Due to the multiscale nature of the method we can preserve small scale edges while background noise is more robustly smoothed as shown in the simulated synthetic images. Experiments on microvasculature images shows that our scheme obtains good results. We also show that better denoising improves microvasculature morphology segmentation. Finally, we note that the proposed filtering scheme is not restricted to microscopy images but can be applied to other imagery which contain thin membrane-or vessel-like linear structures.
